Meticulous prediction of hydrological processes, especially water budget, has an individual importance in environmental management plans. On the other hand, conservation of groundwater, a fundamental resource in arid and semi-arid areas, needs to be considered as a great priority in development plans. Prediction of a groundwater budget utilizing artificial intelligence was the scope of this study. For this aim, the Azarshahr Plain aquifer, East Azerbaijan, Iran, was selected because of its great dependence on groundwater and the necessity of cognizance of its budget in future programs. The long-term fluctuations of the water table in 13 piezometers were simulated by a wavelet-based artificial neural network (WANN) hybrid model, and their statistical gaps were covered. Then, the modelled water table was predicted for the next 12 months using genetic programming. The results of simulation and prediction were assessed by performance evaluation criteria such as R 2 , root mean squared error, mean absolute error and Nash-Sutcliffe efficiency.
INTRODUCTION
Awareness of coming natural events, particularly hydrological processes, is a great challenge for environmental custodians, especially hydrologists. Notwithstanding their highly stochastic nature, the development of models capable of describing such complex phenomena is a growing area of research.
Groundwater as a major source of water supply for domestic, agricultural and industrial users and, of course, the main part of the hydrology cycle has a vital role in arid and semi-arid areas. In several such areas, much more groundwater is withdrawn than the recharge rate, leading to damaging environmental effects such as water level depletion, drying up of wells, abatement of water quality, amplified pumping prices and reduced well yields (Adamowski & Chan ) . Effectively managing groundwater, predicting groundwater level fluctuations, and quantifying these changes are strategic hydrological issues.
Meanwhile, it is becoming increasingly difficult to ignore the role of artificial intelligence (AI) in hydrological processes' prediction due to its efficiency in modeling complex physical processes based on certain data/information governing the process. There are numerous researches about groundwater level changes utilizing AI (e.g., Adamowski Nevertheless, AI is progressively being preferred primarily and many studies have already been reported in forecasting groundwater level changes; however, there is no direct forecasting of groundwater budget using this method. The low number of studies on groundwater budget modelling via AI demonstrates the need to consider groundwater and relevant issues.
Among various conceptual and black box models developed over the mentioned period, hybrid AI-based models have been among the most promising in simulating hydrologic processes (Nourani et al. ) , and wavelet-AI is an example of these methods. On the other hand, genetic programming (GP) is an AI method that is based on the random iterative searching process to achieve an appropriate relationship between input and output. Conjugating the wavelet and GP methods can give an incredibly precise result in hydrological processes' prediction; for instance, Nourani et al. () investigated the linkage of wavelet analysis to GP in constructing a hybrid model to detect seasonality patterns in rainfall-runoff. The hybrid model was useful in forecasting runoff.
In this study an attempt is made to model the variation of groundwater budget in the Azarshahr Plain aquifer using a conjugated wavelet-based artificial neural network (WANN)-GP model. This work differs from previously reported works in the sense that emphasis is given to improving the insight into the groundwater budget change and also linking the wavelet and GP for groundwater modelling.
METHODOLOGY
This study develops and applies two different hybrid models, a WANN and a WANN hybrid GP model (WANN-GP), for water budget forecasting in the Azarshahr Plain aquifer, East Azerbaijan, Iran. The statistical performance assessment is employed to evaluate the developed models. Figure 1 shows the procedure for the present study.
Study area
The Azarshahr Plain is one of the Urmia Lake sub-basins, and is located in Azerbaijan province, northwest Iran. The study area is densely populated, with 100% of its drinking, domestic and industrial water and 80% of agricultural water supplied from groundwater resources.
Azarshahr Chay is the main stream flow in the study area, which originates from Sahand Mountain and rarely discharges into the lake due to percolation and evaporation losses, as well as diversion of water for irrigation. The average annual precipitation of the study area is about 221.2 mm for the long-term period 1982 to 2009, whereas the annual evaporation is about 1,500 mm.
The alluvial aquifer of the study area has been known for many years to be a good one and has been extensively developed for public and agricultural water supplies, particularly in connection with groundwater utilization (ATWA ). However, there is considerable evidence that groundwater resources are already being exploited at rates faster than aquifer recharge in the area of the Lake Urmia watershed (Wada et al. ) . During the past decade, the study area has faced groundwater depletion and subsequently a reduction in reservoir volume, coinciding with population growth, great changes in climate and over-extraction of water resources in the study area, causing environmental hazards. Figure 2 shows the aquifer domain and piezometer locations in the study area.
Wavelet transforms
As a contemporary tool of applied mathematics, wavelet transform (WT), is a signal processing strategy that has indicated higher performance contrasted with Fourier transform (FT) and short time FT in examining non-stationary signals.
WT analysis, created during recent decades in the mathematics community, appears to be a more effective device than the FT in studying non-stationary time series (Partal & Kisi ) . The principal point of preference for WTs is their capacity at the same time to get information on the time, location and frequency of a signal, while the FT will just give the frequency information of a signal.
The WT is implemented through discrete and continuous WT (DWT and CWT). Since different scales should be taken into consideration in CWT and using a numerical method, the equation integration for each scale is resolved. Calculating the wavelet coefficient is time-consuming in all scales and produces huge amounts of data. In other words, we can say whereas the DWT has eradicated the CWT drawbacks. Meanwhile, it is an efficient alternative for the discrete data.
In DWT, the original time series is passed through highpass and low-pass filters (digital filtering), getting time-scale signals. The results of digital filtering are detailed coefficients and approximation series, obtained with the wavelet algorithm (Zhang & Li ) . Every time that this procedure is repeated, the approximation and one or more details are gained.
Also, the WT is just executed for a sub-set of scales and positions. If scales and positions are selected based on powers of two, so-called dyadic scales and positions, the signal analysis is done quickly and precisely. This is achieved by modifying the wavelet representation to (Gross-
where s is the wavelet scale, t is the time, τ is the translation parameter, while m and n are integers that control, respectively, the scale and time; s 0 is a specified fixed dilation step greater than 1; and τ 0 is the location parameter, which must be greater than zero. The mother wavelet ψ is the transforming function. In the DWT, a time-scale signal is obtained using digital filtering techniques.
Performing the above-mentioned transform, the raw data are divided into approximation (A) and details (D).
The approximation consists of high scale and low frequency components of the signal. The details consist of low scale and high frequency components of the signal, which are obtained from low-pass and high-pass filters, respectively.
Consequently, the DWT was used to decompose the time series data belonging to the groundwater level for the wavelet analysis-artificial neural network (WA-ANN) models developed in this study.
Hybrid WANN
The WT is appropriate in significant and potentially beneficial data mining, available in experimental sciences (prediction, Since AI has shown promise in modelling and forecasting non-linear hydrological processes and in handling large amounts of dynamicity and noise concealed in datasets, hybrid modelling of AI was employed for precise simulation of water level in piezometers and elimination of their statistical gaps in a long-term period. For this, the WT model was linked to ANN, producing WANN.
On the other hand, ANN is a massively parallel distributed information processing system that has certain performance characteristics resembling the biological neural networks of the human brain (Haykin ) . A neural network is characterized by its structural design, which represents the pattern of the human brain. The most commonly used neural network structure is the feed-forward hierarchical architecture. A normal feed-forward neural network includes numerous fundamentals, also called nodes, and the connection paths that connect them; the nodes are typically recognized as the neurons processing the elements of the network. A signal enters a neuron, is processed and transmitted to the other interconnected neurons and exited as outputs. In the hidden and output layers, the net input to unit i is of the form:
where w ji is the weight vector of unit i and k is the number of neurons in the layer above the layer including unit i. y j is the output from unit j, and y i is the bias of unit i. This weighted sum Z, which is called the incoming signal of unit i, is then passed through a transfer function f to yield the estimatesŷ i for unit i. The WANN algorithm is summarized as follows:
• •
Step 2: ANN is trained and tested using the details and approximation as input and the model performance is evaluated.
Genetic programming
GP is a kind of artificial intelligence method that is based on the random iterative searching process to achieve an appropriate relationship between input and output. The common structure of this method is the tree shape, Figure 4 were used in this study.
Performance evaluation
As an assessment tool for performance of the models, standard statistical evaluation criteria can be applied. The statistical measures considered were R square (R 2 ), RMSE, MAE and Nash-Sutcliffe efficiency (NSE). The mathematical form of performance criteria are as below:
where X obs and X est are observation and forecasted values, respectively, and n is the number of data.
Groundwater budget calculation
After prediction of the water level for a considered period in the piezometers of the aquifer domain, the Thiessen polygons were drawn by calculating the spatial domain of each piezometer ( Figure 5 ).
The procedure of monthly water level forecasting is as below:
Forecasted water level for each month ¼ In hydrological studies, we need to know the water budget of the groundwater reservoir, where sometimes we do not have the data of the input and output parameters of the study area, such as precipitation, evaporation, etc.; in this situation, we can evaluate the reservoir groundwater budget by calculating the fluctuations in the water table of the aquifer during the given period (here from 2012 to 2013). Knowing the difference between the water table at the beginning and end of the period, and also knowing the specific storage, S, and the area of the reservoir (A), it is possible to calculate the changes of reservoir groundwater volume. This leads us to understand the groundwater budget, i.e., if the reservoir gained or lost water during the given period of time.
Reservoir volume changes, the reservoir water budget, can then be calculated as follows:
where ±ΔV is the volume change in the reservoir, A is the area of budget domain, S is the storage coefficient, and ±h is the water table change during the study period, forecasted by the hybrid GP-WANN model in this study.
RESULT AND DISCUSSION
According to Nourani et al. () and considering the statistical period (10 to 20 years) of the water level in the piezometers, two decomposition levels were used in DWT.
Thus, the original groundwater budget time series were decomposed into D1, D2 and A2, where D1 and D2 are details and A2, is an approximation. D1, D2 and A2 were inputted into the ANN. The number of data used for ANN varies from 141 to 249, including water levels for a 10-20
year period, and 80% and 20% of data were selected for training and testing the ANN, respectively. The Levenberg-Marquardt algorithm was chosen as the training algorithm. Different hidden node numbers were tried, and the optimal hidden nodes were found to vary between 2 and 8 for the optimal ANN models. Simulation iterations were finished at 23 to 25 to achieve the best results. Figure 6 depicts (Figure 7 ). Figure 7 shows the long-term period simulation of the water level, and the surrounding part of each graph reveals the predicted water level of each piezometer for 12 months ahead; these parts of the predicted water level were applied for groundwater budget calculations.
The evaluation of model performance was done by statistical criteria (R 2 , RMSE, MAE and NSE) and the results are shown in Table 2 .
It can be clearly seen that the greater the fluctuation of the water level, the lower the performance of the model. The lower performance belongs to piezometer numbers 8, 11, 12
and 21, and may be driven by their situation. For example, piezometer No. 8 is located near the road and belongs to a tubing manufacturer that uses groundwater for its production, and therefore the water level experiences oscillation. Also piezometers numbers 11 and 12 are near the river and perhaps affected by river fluctuations. Thus it can be inferred that the model performs with lower accuracy and more error. Table 3 also shows the results of the predicted water level for the 13 piezometers and their Thiessen polygon area used for groundwater budget computing.
The unit hydrograph was done after that, using the predicted water level in the piezometers and Thiessen polygons ( Figure 8 ). The predicted unit hydrograph showed the routine fluctuation in the aquifer water table from September 2012 until August 2013. Also, Table 4 shows the aquifer domain predicted water table during this period. It can be seen that groundwater level depletes in dry months and rises in wet months such as March, April and May.
Using Equation (7), the predicted water table for the water budget domain, considering the aquifer domain area | Aquifer domain predicted water table
